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Abstract 
Synchronous rhythmic firing activity is fundamental tool for encoding and exchanging information in the brain. 
Based on inhibitory feedback neural network model, the network oscillations and the effect of the heterogeneity in 
the network on the oscillatory firing activity are studied. By using numerical simulations, global network oscillations 
in the gamma frequency band are obtained. The power of gamma oscillations is proportional to the inhibitory 
feedback gain. When the network model is heterogeneous, the gamma oscillations are robust with a moderate amount 
of heterogeneity. Stronger inhibitory feedback is beneficial to improve the robustness of the network oscillations 
against the heterogeneity. The network model in this paper can achieve robust gamma oscillations against a degree of 
heterogeneity, which is comparable to that observed in real neural systems. 
© 2011 Published by Elsevier Ltd. 
Selection and/or peer-review under responsibility of [CEIS 2011] 
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1. Instruction
A wide spectrum of spatially synchronous, rhythmic oscillatory patterns of activity have been observed
in a variety of functional areas, including those involved in attention, audition, vision, and motor control 
[1-4]. Evidence has been presented that oscillations are critical for understanding sensory and cortical 
processing [5-7]. The mechanisms underlying oscillations and the influence of neural connectivity on 
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these oscillations have been the subjects of intense research efforts in many studies [5,8,9]. In particular, it 
has been suggested that pyramidal neurons can be phase-locked to the field gamma oscillations, entraining 
by synchronous rhythmic inhibition originating from fast-spiking interneurons [10,11].  
To investigate the gamma population oscillations, a network of excitatory and inhibitory neurons is 
adopted in numerical simulations. The pyramidal neurons are represented by the excitatory neurons, while 
inhibitory neurons correspond to the interneurons. Most theoretical and computational studies have 
investigated gamma oscillations of neural firing in homogeneous networks of excitatory and inhibitory 
neurons [12,13]. Generally speaking, the neural systems are heterogeneous. Dispersion in firing rates of 
neurons can be caused by heterogeneity [11]. It would be of interest to investigate whether the 
synchronous network oscillations may be robust in the presence of heterogeneities.In this paper, we focus 
on the generation and robustness of the synchronous oscillations described in several sensory systems, 
using numerical simulations in homogeneous and heterogeneous networks of excitatory and inhibitory 
neurons. The network model exhibits gamma oscillatory activity, which is robust when the network is 
exposed to a moderate amount of heterogeneity. We further explore the method to enhance the robustness 
of the gamma oscillations. 
2. Model and numerical methods 
In order to investigate the robustness of the gamma oscillations—the ability of the network to maintain 
synchronous oscillations in the presence of heterogeneities and noise—a network model consisting of two 
interacting layers of excitatory and inhibitory neurons with a time delay in the feedback loop is used for 
numerical simulations [12,13]. External input is provided to EN  excitatory neurons, which feed their 
output to an inhibitory neuron. In addition to the external input, the excitatory neurons receive feedback 
with gain  from the inhibitory neuron. Regarding the type of neurons, the leaky integrate-and-fire (LIF) 
model is an approximation of the physiological neuron, which is widely used in numerical simulations 
[5,8,12]. The dynamics of the membrane potential of LIF model is described as follows: 
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where is the membrane potential, ( )V t ( )I t is the input current, LE  is the resting potential and m  is the 
membrane resistance of the model. Here time is measured in units of the membrane time constant m .
Every time the membrane potential reaches the firing threshold TV , the neuron fires and the membrane 
potential resets to a value 
R
τ
RV . After firing, the membrane potential is kept fixed for an absolute refractory 
period Rτ . Each excitatory neuron in the input layer receive an input: 
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where Dτ  is the transmission delay of the feedback loop, S  is the time constant of synaptic responses, 
and  is the feedback gain. The input consists of two noise processes 
τ
G ( )i tξ  and ( )c tξ , which are 
Gaussian low-pass filtered noise with zero mean and unit power. ( )i tξ  is specific for each neuron and 
c ( )tξ  is common to all neurons. The input correlation coefficient c  determines the degree of correlation 
of the external input, while the total external input power remains .σ
With this network model, we can easily introduce the heterogeneity by setting homogeneous 
parameters diverse. In this paper, the inhibitory feedback gain  for each excitatory neuron is distributed 
according to Gaussian statistics with standard deviation . For both homogeneous and heterogeneous 
G
Gσ
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networks, each set of simulations is run with M realizations with time duration L  to calculate the spike 
train power spectrum. 
3. Results  
We start by considering a simple case in which the inhibitory feedback gain is common for all 
individual excitatory neurons (i.e., without heterogeneity). Then the dependence of the oscillatory firing 
activity on the heterogeneity is studied. Using computer simulations, the results of numerical simulations 
for the spike train power spectrum of an excitatory neuron from the homogeneous network with delayed 
inhibitory feedback is compared to the heterogeneous case when  in Fig.1(a). Since the statistics of 
firing activity are the same for all excitatory neurons, the power spectrum of the networks can be 
indicated by one neuron. For both cases (dashed line for homogeneous network or solid line for 
heterogeneous network), clear resonances near 50Hz are obtained due to the presence of global delayed 
inhibitory feedback and the correlated external input, which means the excitatory neurons oscillate in the 
gamma frequency band and the gamma oscillations is robust in the presence of heterogeneous feedback 
gain. Here , which is used to measure the degree of the heterogeneity. The height of the peak for 
heterogeneous network is smaller than that for homogeneous network. Therefore, the heterogeneity in 
feedback loop produce asynchronous effect on the firing activity of the excitatory neurons. 
1G =
=0.3Gσ
The power of gamma oscillations can be quantified by the integral of the power spectrum from  to 
[12]. Here .The shift in power of gamma oscillations with inhibitory feedback gain 
is described in Fig.1(b). A stable and relatively high level of  is maintained with increases in  for 
homogeneous network, which is higher than that for heterogeneous network over the whole range of the 
values of G . The relatively flat and small values of Γ  for heterogeneous network imply that the 
heterogeneity in the feedback loop weakens the power of network oscillations. However, when  is 
fixed at 0.3,  increases monotonically with G  for both cases (dashed line for homogeneous network 
or solid line for heterogeneous network). Therefore, stronger feedback gain is beneficial to synchronize 
the firing activity of the excitatory neurons.  
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Figure 1 (a) The spike train power spectrum of the heterogeneous network is compared to the homogeneous case. (b) 
Relationship between the power of gamma oscillation and the inhibitory feedback gain in the heterogeneous network 
is compared to the homogeneous case. 
In order to explore the robustness of the gamma oscillations, we calculate the spike train power 
spectrum of an excitatory neuron from the heterogeneous networks with varying . As shown in Fig.2, Gσ
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the heterogeneity in the feedback gain damages the gamma oscillations, leading to a decrease in height of 
the spectral peak. With the increase of G , we obtain uniform power spectrums for heterogeneous 
networks with different values of G . The gamma oscillations are collapsed eventually due to 
heterogeneity, even if the inhibitory feedback is strong ( ). Therefore, the global network 
oscillations are sensitive to high heterogeneity. In Fig.2, the spectral peak disappears for , when 
. Nevertheless, the power spectrum is uniform for , when . Stronger inhibitory 
feedback helps to improve the robustness of the gamma oscillations of the heterogeneous network. 
Furthermore, gamma oscillations can only be induced with small values of G  when the inhibitory 
feedback is weak. By strengthening the inhibitory feedback, the gamma oscillations are robust with a 
moderate amount of heterogeneity. Therefore, highly robust gamma oscillations can occur in 
heterogeneous networks with sufficiently strong inhibitory feedback. 
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Figure 2 Power spectrums of an excitatory neuron from heterogeneous network 
Finally, we study the relationship between the power of gamma oscillations and the standard deviation 
of heterogeneous noise. As illustrated in Fig.3, 40,50Γ  decreases inversely with G . The vertical bars 
centered at the mean values are the standard deviations. The power of gamma oscillations keeps at high 
levels when  and exhibits sharp deterioration after . Therefore, the network can present 
drastic gamma oscillations when the degree of heterogeneity is controlled within a certain range. In this 
paper, the network oscillations can tolerate heterogeneous noise with standard deviation equaled to 0.3 ,
which is comparable to that observed in real neural systems. 
σ
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Figure 3 Relationship between the power of gamma oscillations and the standard deviation of heterogeneous noise. 
4. Conclusion 
Our simulation results show that the networks of excitatory and inhibitory neurons with inhibitory 
feedback loop exhibit gamma oscillations, which can be enhanced by strengthening the inhibitory 
feedback. In the presence of heterogeneity, neural firing rates are dispersed and synchronous rhythmic 
firing activity may break down. The gamma oscillations of our model are robust with a moderate amount 
of heterogeneity. However, the oscillatory activity deteriorates gradually with increasing heterogeneity. 
Sufficiently strong inhibitory feedback connections are critical to turn the heterogeneous networks into 
robust gamma oscillators. When inhibitory feedback is weak, the global network oscillations are sensitive 
to the heterogeneity. As the inhibitory feedback gain increases, the network oscillations develop a robust 
increasing tolerance against the heterogeneity, which is comparable to the degree of heterogeneity 
observed in real neural systems. 
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